Spatial regularization based sparse unmixing has been attracted much attention and has achieved improved fractional abundance results. However, the traditional approach to spatial consideration can only suppress discrete wrong unmixing points and smooth an abundance map with low-contrast changes, and it has no concept of scale difference. As the different levels of structures and edges in remote sensing have different meanings and importance, to better extract the different levels of spatial details, rolling guidance based scale-aware spatial sparse unmixing (RGSU), is proposed in this paper to extract and recover the different levels important structures and details in the hyperspectral remote sensing image unmixing procedure. Differing from the existing spatial regularization based sparse unmixing approaches, the proposed method considers the different levels of edges by combining a Gaussian filter-like method to realize small-scale structure removal with a joint bilateral filtering process to account for the spatial domain and range domain correlations. The experimental results obtained with both simulated and real hyperspectral images show that the proposed method achieves a better performance and produces more accurate abundance maps, as well as higher quantitative results, when compared to the current state-ofthe-art sparse unmixing algorithms Index Terms-Sparse unmixing, rolling guidance, scale-aware, spatial regularization hyperspectral remote sensing imagery
INTRODUCTION
Airborne and satellite hyperspectral remote sensing sensors have developed at an enormous rate, resulting in the availability of a large volume of hyperspectral remote sensing data with a higher spectral resolution, which enables precise material identification. However, one of the challenges confronting hyperspectral remote sensing image processing is the presence of mixed pixels [1] [2] [3] . Spectral unmixing is a common way to solve this mixed pixel problem, and it is aimed at estimating the fractional abundances of the pure spectral signatures or endmembers in each mixed pixel with linear or nonlinear mixture models.
Since the linear mixture model has been extensively studied as a result of its computational tractability and flexibility in different applications, in this paper, we focus on linear spectral unmixing analysis.
Sparse unmixing, as one of the typical semi-supervised spectral unmixing methods, reformulates the linear spectral unmixing problem as selecting endmembers from a standard spectral library using sparse regression [4] . Since the research into sparse unmixing has progressed, a number of sparse unmixing algorithms have been proposed [5] [6] [7] . Spatial sparse unmixing incorporates the spatial information into sparse unmixing and utilizes the existing spatial correlations, leading to a higher unmixing accuracy and a better visual effect. Hence, the spatial sparse unmixing methods should be a worthwhile approach for hyperspectral remote sensing image processing.
The current spatial-spectral unmixing methods usually use the spatial information between each pixel and its near neighbors, e.g., the total variation (TV)-based regularization model and the mathematical morphological methods, or region-based spatial consideration, e.g., the sliding-window based approaches [8] . Most of these approaches aim to preserve edges and remove detrimental or unwanted content. However, with the spatial regularization based methods, only high-contrast edges or textures can be extracted, and low-contrast or gradual changes in the original remote sensing images are ignored, which results in the loss of small structures, which are usually referred to as "details".
In this paper, a new spatial sparse unmixing algorithm based on rolling guidance as a scale-aware operation (RGSU) is proposed, and the rolling guidance scale-aware model [9] is designed as the spatial regularization by considering and controlling the different level of details with iterations following scale-space theory. Compared with the previous spatial sparse unmixing algorithms, the experimental results obtained using simulated and real hyperspectral images demonstrate that the proposed RGSU can obtain improved fractional abundances images and a higher unmixing accuracy.
The rest of this paper is organized as follows. Section 2 introduces the rolling guidance spatial regularization model and the proposed RGSU algorithm. Section 3 provides a description of the datasets used in this paper and analyzes the experimental results. The conclusion is drawn is Section 4.
ROLLING GUIDANCE BASED SPATIAL SPARSE UNMIXING

A. Rolling guidance spatial regularization model
Rolling guidance spatial regularization is a structure-scaleaware operation that is aimed at controlling and preserving the different levels of details under different image processing demands. In this paper, the structure scale [10] is defined as the smallest Gaussian standard deviation, and the corresponding structure of this scale can be removed or smoothed when this deviation is applied to an image. To some extent, the scale-aware rolling guidance spatial regularization plays the role of a Gaussian filter at the initial step, where the initialized convolution kernel is related to the structure scale, namely, the scale parameter in scalespace theory, which is written as shown in Equation (1): denotes the Gaussian kernel which indexes pixels i and j, and * represents the convolution operation. X is the input abundance image, and G v represents the initial result at scale v in the first step of the scale-aware rolling guidance process. When different Gaussian standard deviations ( v ) are applied as the image spatial regularization, different scales of structures can be suppressed according to their actual sizes.
In the second step, the edges processed by the Gaussian filter are retained according to their input guidance map. Here, the rolling guidance process provides the scale-aware spatial regularization, which is aimed at recovering the important edges iteratively, and the input guidance map forms the major contribution of this scale-aware method. We denote R t as the t-th iteration guidance map, and R 1 is initialized as G v . The output of this second step, which is written as R t+1 for the t-th iteration rolling guidance result, can be obtained as follows:
where i and j represent the i-th and j-th pixels,
W is the weight for the rolling guidance method, and t i K is a normalization term, which is computed as shown in Equation (4) . The value of R t+1 is obtained in the form of joint bilateral filtering [11] , considering the distance in the image plane (the 2-D spatial domain of the abundance map) and the distance in the intensity axis (the range domain). In addition, v is the scale parameter, and r defines the weight of the intensity decrease degree. The weight of the rolling guidance filter is computed in the form of a joint bilateral filter guided by the structure of R t , which is iteratively changed in the processing. This is the reason why this scaleaware iterative operation is named "rolling guidance", and it is also the key difference with the classical joint bilateral filter. The flowchart of the scale-aware rolling guidance method is provided in Figure 1 . Original input image X R 1
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B. Rolling guidance based spatial sparse unmixing
To better address the different scales of spatial information in sparse unmixing, RGSU is proposed for the scale-aware spatial consideration of hyperspectral remote sensing unmixing. Based on rolling guidance spatial regularization and the spatial sparse unmixing model, the rolling guidance based spatial sparse unmixing method is built up as follows:
The rolling guidance spatial regularization can be written as:
RG( )=
X WX (6) where the weight matrix is defined for different spatial considerations, and is obtained following the original rolling guidance method as Equation (7):
with t t-1 =* R W X (8) In this scale-aware spatial regularization sparse unmixing procedure, the weight matrix accounts for filtering and averaging the differences in a local window, such as outliers and noise, which can remove structures in different scales. The input abundance map, X, is the guidance map, which is used to recover shapes of different scales. Whether an edge is preserved or not is dependent solely on its magnitude, making this method inherently different to the other edge-preserving methods. By setting different scale values, this scale-aware spatial sparse unmixing algorithm can contain different-scale levels of spatial information. The basic schematic of the proposed method can be depicted as shown in Figure 2 . 
EXPERIMENTS AND ANALYSIS
To evaluate the performance of the proposed method, a simulated and real hyperspectral images were used to illustrate the different unmixing performances. The proposed method was compared with four sparse unmixing algorithms: SUnSAL, SU-NLE [12] , SUnSAL-TV, and NLSU [13] . The accuracy assessment of all the experiments in this paper was made by the Signal-to-Reconstruction Error (SRE).
A. Experiments with Simulated Datasets
In simulated experiment, the fractional abundance of simulated data (S-1), with 100×100 pixels and 224 bands, was provided by Dr. M. D. Iordache and Prof. J. M. Bioucas-Dias. The fractional abundances of this dataset follow a Dirichlet distribution uniformly over the probability simplex. Since this image exhibits a good spatial homogeneity and can be used to verify the different effects of the spatial regularization spectral unmixing methods, this dataset has been widely used to test many spatial sparse unmixing algorithms. Gaussian noise of 30 dB was also added in the data simulation process.
The results obtained are shown in Figure 3 , using SUnSAL, SU-NLE, SUnSAL-TV, NLSU, and the proposed RGSU. Since this dataset exhibits a good spatial homogeneity, the different spatial regularization based sparse unmixing methods show different processing effects. Due to the lack of spatial consideration, the abundance maps that are obtained by SUnSAL and SU-NLE have many outliers left, which are distributed as discrete noise points. SUnSAL-TV, NLSU, and RGSU effectively suppress the outliers owning to the adequate spatial consideration. However, RGSU obtains better unmixing results, both in suppressing the wrong unmixing points of the background and in processing the edge changes. It can be seen that RGSU successfully handles the different scales of structures and edges in the images. Table I gives a quantitative assessment for S-1. The RGSU exhibits the highest accuracy as 23.45(dB), which has improved almost 2dB compared with NLSU. The SRE values of the SUnSAL and SU-NLE algorithm are around 16 dB, while the SRE values increases to 20 dB after taking spatial information into consideration. 
B. Experiments with Real Hyperspectral Imagery
The real hyperspectral remote sensing image we chose was the Cuprite dataset, which has been widely used in hyperspectral unmixing analysis. In our experiment, the test area was of 250 × 191 pixels, with 188 bands remaining after removing the bands of strong water absorption and low SNR vales. The standard spectral library used for all of the sparse unmixing algorithms was the United States Geological Survey (USGS) spectral library, which contains 498 pure mineral signatures.
Similarly, a qualitative comparison for cuprite data between the abundance images was made with SUnSAL, SU-NLE, SUnSAL-TV, NLSU, and RGSU for alunite and buddingtonite. Different from the simulated dataset, due to the lack of ground truth for the Cuprite dataset, Figure 4 just shows a visual comparison of the estimated abundance maps for this data. The fractional abundance images obtained by RGSU are generally consistent with the abundance of images that are obtained by the other different methods, but there are some differences in the details. For example, the homogeneity of the RGSU result is more obvious, which can be observed in the buddingtonite component, as the minerals locating in the background are suppressed due to the small scale. The abundance map of alunite appears to be similar to the result of SUnSAL-TV, which preserves more information than the abundance that is obtained by NLSU. After comprehensive analysis and judgment, this can be attributed to the rolling guidance spatial regularization in sparse unmixing. 
CONCLUSIONS
In this paper, a Rolling Guidance based Sparse Unmixing algorithm (RGSU) has been proposed for hyperspectral remote sensing imagery. In RGSU, a scaleaware spatial regularization model, the rolling guidance spatial consideration method is designed as the spatial regularization term to utilize the extraction or recovery of spatial information in the unmixing procedure. Differing from the previous spatial regularization based sparse unmixing methods, such as TV-based sparse unmixing or the nonlocal sparse unmixing method, RGSU considers the different levels of details by controlling the structure and outlier removal and the edge/detail recovery. This method combines a Gaussian filter-like approach to realize the small-scale structure removal and a joint bilateral filtering process to account for the spatial domain and range domain correlations.
The experimental results that are obtained using both simulated datasets and real hyperspectral images confirm the effectiveness of the proposed algorithm, which outperforms the other spatial regularization based methods in controlling the different scales of spatial information. RGSU can obtain better visual effects, and a higher SRE quantitative evaluation result than the current state-of-the-art sparse unmixing algorithms.
